Abstract-Patient breathing efforts occurring during controlled ventilation causes perturbations in pressure data, which cause erroneous parameter estimation in conventional models of respiratory mechanics. A polynomial model of patient effort can be used to capture breath-specific effort and underlying lung condition. An iterative multiple linear regression is used to identify the model in clinical volume controlled data. The polynomial model has lower fitting error and more stable estimates of respiratory elastance and resistance in the presence of patient effort than the conventional single compartment model. However, the polynomial model can converge to poor parameter estimation when patient efforts occur very early in the breath, or for long duration. The model of patient effort can provide clinical benefits by providing accurate respiratory mechanics estimation and monitoring of breath-to-breath patient effort, which can be used by clinicians to guide treatment.
I. INTRODUCTION
Respiratory mechanics monitoring of critically ill patients receiving mechanical ventilation can be used to guide treatment and monitor changes in patient condition [1] , [2] . The underlying respiratory mechanics of a patient, indicative of the lung condition, can be masked by any level of patient breathing effort [3] . Models that take into account the patient effort could be used to provide a more stable estimate of the slowly changing lung condition changes, reflecting how the recruitment status or airway obstructions in the lungs do not change greatly from breath to breath [4] . Such a model can account for the variation in pressure waveforms by the patient's respiratory effort changing from breath to breath.
Patients breathing efforts on top of ventilator support can cause large perturbations in respiratory data [5] . In volume control ventilation, this effort appears as a drop in the airway pressure during inspiration. Fig. 1b . shows how the single compartment model [6] fits poorly to data where the patient breathing effort has a large effect on the airway pressure profile. A poorly-fitted model will produce erroneous parameter identification and it is not suitable for clinical application, though care needs to be taken with additional parameterising of the model, as this can cause parameter trade-off, and limits the accuracy of the model [7] . Thus, a model that can capture patient and breath-specific effort is needed. This paper presents a model of patient breathing effort and the process to identify the model parameters using clinical data. 
II. METHODS
To model the patient's respiratory mechanics when patient breathing efforts are present, an assumed shape of patient effort was used. This shape models the effect of reversetriggering observed during mechanical ventilation volume control mode [5] , [8] . The conventional single compartment lung model [6] is modified to include a patient effort function P e (t). The airway pressure can be represented as follows during inspiration:
P aw is airway pressure (cmH 2 O), E is respiratory system elastance (cmH 2 O/L), R is respiratory system resistance (cmH 2 O·s/L), V is inspired volume (L), Q is inspiratory flow (L/s) and P 0 is offset pressure. P e is the perturbation in airway pressure caused by the patients respiratory effort during volume control ventilation. A quadratic shape is assumed for the patient effort based on observation of pressure waveforms from clinical data as shown in Fig. 1b . P e (t) is modelled below:
a, b and c define the shape and position of the quadratic effort function. t s and t f come from the roots of the quadratic function, and indicate the start and finish respectively of the patient breathing effort. Equation (2) is only valid where the quadratic function has real valued roots during the time of inspiration. Additionally, a should always be positive so that the patient effort is concave up parabola. Fig. 2 . shows how the parabolic shaped patient effort(b) is added to the elastic and resistive pressures (a) to obtain a modified airway pressure curve (c). If t s and t f are known, the airway pressure is a linear combination of volume, flow, time and time squared. This enables the model parameters E, R, a, b, and c to be identified by multiple linear regression [9] . The model can then be formulated as follows:
Equation (3) can be solved for the best fit parameter values for E, R, a, b, and c using least squares error. In this study an iterative approach is then used [9] , where the identified a, b, and c are used to find t s and t f from the roots of the quadratic function.
Initial values of t s and t f are required, and must be reasonably close to the global minimum to ensure convergence, otherwise the solution can converge to a local minimum that is not the best fit.
A. Initial value selection
The initial values for t s and t f are determined by fitting the conventional single compartment lung model using a hierarchical approach [10] . The fitted model will have regions where the modelled pressure is lower than the pressure data. The largest of these regions is likely to be where the patient effort is occurring. This initial point is found by integrating the pressure difference over the regions where P model > P data . The maximum of these integrated area then provides an initial guess for t s and t f as shown in Fig. 3 .
B. Model refinements
If a patient breathing effort is not present during inspiration, the use of this model can result in convergence to physiologically implausible parameters. To ensure the parameter values are reasonable, and that key features of the airway pressure waveform are modelled by the appropriate parameters, there are a number of checks made to the converged parameter values. If the converged solution fails any of these checks, the model reverts back to the single compartment model, with no patient effort estimation. Both E and R, were bounded between 0 and 500. If a is negative, the quadratic effort function becomes concave down and can model the entire inspiration, rather than just the patient effort. Hence a is bounded to positive values. If the roots of the patient effort quadratic function are complex, the model reverts to the single compartment model.
C. Quantification of level of patient effort
By integrating the absolute value of the identified patient effort function, a metric for the size of the patient effort can be gained. This integral needs to be scaled by dividing by tidal volume for that breath so it is proportional to the total breath size. The integral should not be scaled by peak pressure, or level of pressure support, as the effort would be relatively underestimated in patients with high respiratory elastance, and overestimated when patients have low respiratory system elastance.
III. RESULTS Table I shows the distribution of identified parameters and model fitting error across 264 breaths at 5 different levels of positive end-expiratory pressure (PEEP). Fig. 4 . shows three examples of the model fitting for breaths with and without patient effort.
IV. DISCUSSION
The occurrence of patient effort caused the conventional single compartment model to perform poorly, as expected. The conventional model resulted in high model fitting error, and typically overestimates R and underestimates E. An example can be seen in of Figure 4 (L), where the conventional model overestimates pressure early in inspiration, where flow is high and volume is low, hence pressure due to resistance dominates. Poor estimates of elastance and resistance are problematic when attempting to guide clinical treatment using respiratory mechanics [1] . The polynomial model presented in this study is capable of capturing patient breathing effort during volume controlled ventilation. By allowing a time period to have a perturbation of measured pressure from modelled pressure, it enables E and R to fit better in the region unaffected by patient effort. In addition, the polynomial parameters were able to provide a unique quantification of breath-specific effort. These efforts observed in the data used for this study vary breath-to-breath, suggesting breathing asynchrony as well as variability. However, the application of these metrics warrants further investigation
The polynomial model can only converge to a solution where the initial estimate for t s and t f are reasonably close to the actual position. t s and t f can only move incrementally from one iteration to the next, as they are found from the roots of the quadratic effort function. Therefore, a robust estimation of initial position is important to ensure convergence. Using the integrals of the differences in modelled pressure and data works well to get t s and t f in the right general area. The polynomial model is designed to capture breath specific effort during volume control ventilation modes, and as such, has only been tested with volume control clinical data. Patient efforts in volume control are seen as perturbations in pressure, as the ventilator is controlling flow, and hence volume. Patient efforts in pressure control modes cause perturbations in flow profiles, and therefore would require a different modelling approach.
This model assumes a parabolic breathing effort profile. A parabola was arbitrarily chosen as it can be described with three parameters, and as it can be easily linearised for solving the least squares problem. However, there is limited physiological basis for picking a parabola, and a similar model could be made using part of a cosine curve or any other function of a similar shape. In this study, the polynomial model is used as a proof of concept to capture breath-specific effort variability. Thus, reformulating the model can equally capture these efforts without parameter trade off.
Patient efforts that occur very early in the breath, or continue for a high proportion of the inspiration time, may cause poor parameter estimations. The Fig. 4(C) . shows an example of a relatively early and long patient effort. The model has a relatively low fitting error in this situation, as the region of patient effort has low error, but the model predicts a peak airway pressure 80 cmH 2 O when patient effort is removed, with corresponding elastance and resistance of 176 cmH 2 O/L and -0.55 cmH 2 Os/L respectively. These values are not within a physiologically plausible range, and occur because there is limited data unaffected by patient effort. Data that is unaffected by patient effort is required to get a good estimates of E and R, thus pooling breathing cycles or Bayesian analyses could be used to increase model stability [11] Breaths that do not contain an obvious dip in pressure can sometimes result in a converged solution where elastance and resistance are both close to zero, and the entire shape of the curve is described by a concave down parabola. Obviously this does not reflect the physical cause of the pressure profile, and as such is an inappropriate solution. When this occurs, the model automatically reverted to the conventional single compartment model.
The polynomial model tends to fit poorly in the region close to t s . This is due to the sudden start of patient effort in the model, which causes a sharp corner in the modelled pressure profile as can be seen in Fig. 4 . A sharp corner is not really going to exist in the pressure data, so the data will always cut inside the model at the corner. This poor fitting could possibly be addressed by using a patient effort function that has a gradient of 0 at t s , such as a cosine curve. Implementing a cosine function would require a change of the parameter identification process as it cannot be readily be linearised, as required for multiple linear regression.
This polynomial model has shown promising results but could benefit from future work by changing the method of parameter identification. Multiple linear regression is limited to functions that can be linearised, and the cost function is calculated from equal weightings of all data points. A different method could be developed to suit this situation with a customised cost functions that can more strongly penalize error in certain parts of the breath, and include penalty terms for certain parameter estimations. This would likely remove some of the issues with converging to non-physiological parameter estimates, such as negative resistance and elastance.
The model of patient effort allows the level of patient effort to be quantified breath by breath. Similar metrics are available by using oesophageal pressure or electrical activity of the diaphragm measurements [12] . However, these methods require additional equipment that is both more invasive and costly. Monitoring changes in patients breathing efforts during controlled ventilation modes can indicate to clinicians that a mode of ventilation that allows spontaneous breathing may be appropriate. Conversely, the patient efforts may be harmful for other clinical reasons, and increased sedation and muscle relaxants may be appropriate [13] . This model of patient effort allows the changes in patient effort to be monitored over time, different PEEP levels and different ventilator settings.
